ABSTRACT. Tissue-specific expression quantitative trait loci (eQTLs) are always linked to specific diseases. In this study, we focused on eQTLs common to multiple tissues and explored their functional mechanisms in disease for the first time. We found 11 common eQTL genes among multiple tissues. Five genes were validated through a genome-wide association study, 3 genes were validated using the Online Mendelian Inheritance in Man database, and the others were validated through text mining. Most of these disorders were related to the systemic immune system. In functional analyses using Gene Ontology and the Kyoto Encyclopedia of Genes and Genomes, these common eQTL genes were enriched in biological processes and pathways mostly related to the 6547 ©FUNPEC-RP www.funpecrp.com.br Genetics and Molecular Research 12 (4): 6546-6553 (2013) Common eQTLs related to the immune system immunity. Therefore, we believe that these common eQTL genes are related to immune system.
INTRODUCTION
Recent developments in high-throughput genotyping technology, next-generation sequencing technologies, and genome-wide association studies (GWAS) have been widely applied to find loci and genes related to complex diseases such as coronary heart disease (McPherson et al., 2007) , type 2 diabetes (Sladek et al., 2007 ), Crohn's disease (WTCCC, 2007) , and host control of human immunodeficiency virus (HIV) type 1 (Fellay et al., 2007) . However, explorations of the relationship between DNA sequence variations and phenotypes in GWAS ignore many middle molecular phenotypes, such as gene transcript levels and protein expression levels. These molecular phenotypes influenced by DNA sequence variation may also induce disease (Schadt et al., 2003; Nicolae et al., 2010) . Expression quantitative trait locus (eQTL) mapping is a technique that uses genomic variation to explain expression traits. Using the level of gene expression as a middle molecular phenotype between genetic variation and clinical phenotypes in eQTLs, it provides a new way to mine risk genes and their functional mechanisms in studies of complex traits, especially complex diseases (Schadt et al., 2003; Nicolae et al., 2010) . Therefore, integration of eQTL and GWAS genetic approaches not only reduce the dimensions of risk single-nucleotide polymorphism (SNP) loci in GWAS, but also effectively locate complex disease susceptibility genes and assist in functional verification of candidate genes. Nica et al. (2011) and van Nas et al. (2010) have proven that tissue-specific eQTLs are always linked to specific diseases, so most eQTL studies use specific tissue samples -such as liver tissue samples for cirrhosis (Schadt et al., 2008 ) and brain tissue samples for Alzheimer's disease (Webster et al., 2009 ) -to investigate a disease. In this study, we focused on the common eQTLs among multiple tissues and explored the functional mechanisms of these common eQTLs in disease processes for the first time. We integrated 5 eQTL analyses from various tissues, found 11 significant common eQTL genes, and performed functional analysis, such as validation through GWAS, Online Mendelian Inheritance in Man (OMIM), text mining, Gene Ontology (GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analysis.
MATERIAL AND METHODS
We used 5 eQTLs datasets from liver tissue samples (Schadt et al., 2008) , normal brain tissue samples (Webster et al., 2009) , cohort studies of Alzheimer's disease brain tissue samples (Myers et al., 2007) , lymphoblastoid cell line samples (Montgomery et al., 2010) , and monocyte samples (Zeller et al., 2010) . Genome-wide genotyping and gene expression data are present in the sets. Following the statistical methods, significant thresholds, and multiple testing correction methods in the original literature, we selected significant eQTLs in these datasets for subsequent analyses. Detailed information for these datasets is shown in Table 1 . We unified a gene to be the official gene symbol. We directly extracted the data from the liver tissue dataset and 2 brain tissue datasets, as they used official gene symbols. In the data from the lymphoblastoid cell line samples, we used the David Gene ID Conversion Tool to convert the Ensemble gene IDs to their corresponding official gene symbols; in the data of the monocyte samples, we extracted the official gene symbol data from the Sqlite3Explorer database provided in the original literature. We used reference SNP identifiers to determine SNPs.
We divided the significant eQTLs into cis and trans eQTLs. Molecular variation located on or near the genomic position of the regulated gene (usually within the selected gene or the range of less than 1 Mb from the 5ꞌ or 3ꞌ end) was identified as a cis eQTL; otherwise it was labeled a trans eQTL (Rockman and Kruglyak, 2006) . In this study, we set 1 Mb as the threshold to separate cis and trans eQTLs. We only selected the cis eQTLs for subsequent analyses, as they have higher credibility and a more direct mechanism of action than that of trans eQTLs.
RESULTS

Intersection of the 5 eQTL gene sets
Because the 5 datasets used different chips and the diversities of the measured SNPs are large, we could not directly screen common SNPs among them. However, the most frequently detected genes are common, so we focused on the intersection of genes regulated by SNPs (said eQTL genes) among various tissues. Two datasets of brain tissue samples were included, so we first combined them and identified 658 eQTL genes. We then intersected them with 3 additional eQTL gene datasets to obtain a final 11 common eQTL genes among 4 tissues. These genes are listed in Table 2 . Number of eSNPs in the 5 datasets and SNPs located on the genes.
Validation through GWAS, OMIM, and text mining
eQTL genes have been proven to be strongly related to genes found through GWAS, so we can validate more accurate disease-related genes by combining eQTL and GWAS (Nicolae et al., 2010) . We took these 11 genes into the GWAS catalog (Hindorff et al., 2009 (Hindorff et al., , 2011 to search for SNPs using a default threshold P value of 10 -5 . The results are shown in Table 3 . We confirmed that 5 of these 11 genes are related to complex diseases through GWAS. In particular, the strongest SNP loci rs2523608 and rs2523590 on major histocompat-ibility complex, class I, B (HLA-B) were associated with HIV-1 control (Pelak et al., 2010; Pereyra et al., 2010) , and they are also linked to HLA-B gene expression in lymphoid cell lines (Montgomery et al., 2010) . Some research has found that a variety of HLA-B gene subtypes is related to the progression of HIV infection (Gao et al., 2001; Carrington and O'Brien, 2003) . We also confirmed that loci rs9268853 and rs9271100, which are associated with ulcerative colitis (Pereyra et al., 2010) and systemic lupus erythematosus (Han et al., 2009; Alcina et al., 2012) , affect the expression of HLA class II, DR beta 1 (HLA-DRB1) in lymphoid cell lines (Montgomery et al., 2010) . The results showed that the eQTL genes shared among tissues are consistent with disease risk genes and loci in GWAS. Table 3 . Gene-related diseases and risk loci in GWAS.
To explore further whether the mutations or deletions of these genes lead to genetic diseases, we queried these genes in OMIM (Hamosh et al., 2000) . The results are shown in Table 4 . We used ankylosing spondylitis as an example. Several studies (Monnet et al., 2004; Gu et al., 2009 ) have shown that HLA-B27 is a risk factor for ankylosing spondylitis. Because the HLA system is genetically determined, the genetic pathogenesis of ankylosing spondylitis is an important factor. In addition to genetic factors, immune disorders and systemic inflammation of the body are related to spondyloarthropathy. Furthermore, some research has confirmed that HLA-B27 is associated with other immune system and inflammatory diseases, such as psoriasis (Sheehan, 2004) , acute anterior uveitis (Chang et al., 2005) , and Crohn's disease (Purrmann et al., 1988; Khan, 1989) .
We adopted text mining for another 7 genes and confirmed that ATPase inhibitory factor 1 is related to tumor formation (Sanchez-Cenizo et al., 2010) ; H1 histone family member 0 is related to systemic lupus erythematosus (Armananzas et al., 2009) ; Sirtuin 1 forms a pathway with microRNA-134 to regulate memory and plasticity (Gao et al., 2010) and is related to insulin resistance (Liang et al., 2009 ) and cancer, as demonstrated previously in a mouse model (Herranz et al., 2010) ; and a segment of leucine rich repeat containing 14 is related to bladder cancer (Rothman et al., 2010) , schizophrenia, bipolar disorder , and attention deficit hyperactivity disorder (Lasky-Su et al., 2008) . The results of analyses showed that the 11 eQTL genes common to multiple tissues were related with a variety of diseases or biological traits -mostly disorders of the systemic immune system such as cancers and autoimmune diseases. Table 4 . Results queried in OMIM of the eQTL genes.
GO and KEGG functional enrichment analysis
To explore further the biological processes in which these 11 genes are involved, we performed GO and KEGG functional enrichment analysis using the DAVID Functional Annotation Tool ). The significant results are detailed in Table 5 In the GO analysis, these genes were enriched in the categories antigen processing and presentation; negative regulation of hydrolase activity; negative regulation of nucleobase, nucleoside, nucleotide, and nucleic acid; and negative regulation of nitrogen compound metabolic process. In the KEGG pathway analysis, these genes, especially HLA-A, HLA-B, and HLA-DRB1 were enriched in the categories allograft rejection, graft-versus-host disease, type I diabetes mellitus, autoimmune thyroid disease, viral myocarditis, and antigen processing and presentation. Clearly, these biological processes and pathways are primarily related to the immune system.
DISCUSSION
In this study, we analyzed 11 common eQTL genes among 5 tissues. Among them, 5 genes were validated to be associated with complex diseases through GWAS, 3 genes were validated to be associated with diseases or biological traits through OMIM analysis, and others were validated with text mining. Most of the associations were disorder related to the systemic immune system -for example, cancers and autoimmune diseases. In the GO and KEGG functional enrichment analyses, these genes -especially HLA-A, HLA-B, and HLA-DRB1 -were enriched in biological processes and pathways such as antigen processing and presentation, allograft rejection, and autoimmune thyroid disease that are mostly related to the immune system. Therefore, we believe that these eQTL genes common to multiple tissues are most likely to be related to immune system. However, few genome-wide eQTL analysis datasets are available, and we used only 1 or 2 datasets for each tissue. When more genome-wide eQTL datasets are available, we will perform deeper analysis for common eQTL genes.
